Both Traditional and Fuzzy Signal Detection Theory (SDT) methods of analyses were compared using a duration discrimination task of brief light flashes. Both difficulty and response bias (by instruction) were manipulated. The two methods clearly provided different estimates of SDT parameters. The Fuzzy SDT analyses inflated performance while the traditional SDT analyses underestimated performance. In some cases performance on the 'easier' condition was worse than on the more 'difficult' condition. This may be due to differences in the range of durations discriminated, which was narrower in the 'easier' condition. Range of stimuli used can impact performance, although it or maybe an artifact of the procedure for the crisp analysis. Fuzzy SDT met the assumptions of traditional SDT, the assumption of normally distributed noise and signal plus noise distribution holds. In addition, the equal variance assumption holds for the more difficult discrimination for all participants.
Similar to Signal Detection Theory (SDT), Fuzzy Signal Detection Theory (FSDT) provides a useful measurement tool for evaluating human and machine performance in both simple and complex systems. However, unlike SDT, FSDT is not limited to forcing the state of the world into mutually exclusive categories (i.e., signal versus non-signal; threat versus non threat; etc.). SDT does not capture the uncertainty inherent in real world stimuli. Whereas, FSDT, through the representation of the stimulus dimension as continuous rather than categorical, captures the uncertainty inherent in real-world stimuli. FSDT combines elements of SDT with those of Fuzzy Set Theory, thus category membership is not considered mutually exclusive and stimuli can therefore be simultaneously assigned to more than one category thereby capturing this uncertainty (Parasuraman, ; see also .
In FSDT, a stimulus selected from a range of stimuli may be categorized as both a correct detection and a false alarm depending on the degree to which the stimulus represents a critical event. For instance, a convenient range for a stimulus dimension is one in which the strength of the stimulus varies from 0 (a definite nonsignal) and 1 (a definite signal), with a signal value of .5 representing maximal uncertainty in the stimulus itself. That is, a stimulus with a signal value of .5 has properties of both a nonsignal and a signal to an agreed degree. Implicit in this model is the assumption that signal uncertainty exists not only within the observer but in the stimulus dimension itself.
For of a real world example where stimulus uncertainty is found in both the stimuli and the observer, refer to the article written by Masalonis and Parasuraman (2003) which examines fuzzy SDT in air traffic control. It reveals that indeed SDT is a limiting tool in that the stimulus with characteristics of both a signal and a non-signal will be forced into either one of the two categories, although it has properties of both categories and therefore is not accurately representing the true state of the world.
This experiment represents a test of FSDT using a perceptual signal detection task. In this study fuzzy stimulus and response dimensions were established (seven categories for each), and difficulty (discrimination) and bias (instructional set) were manipulated to investigate the degree to which the FSDT model is sensitive to these classical SDT manipulations.
The FSDT analysis was compared to an analysis using traditional SDT, using methods outlined in MacMillan and Creelman (1991) .
METHOD

PROCEEDINGS of the HUMAN FACTORS AND ERGONOMICS SOCIETY 48th ANNUAL MEETING-2004
Six students from the University of Central Florida (3 men and 3 women, mean age = 19 years) participated in this study for monetary compensation.
The stimuli employed in this experiment consisted of a 8x8 cm light gray square with a black surround. The square was presented at seven different durations depending on the difficulty level. Participants were not informed of the number of stimulus categories, only that the stimuli would vary between two extremes in duration.
The first day, participants received instructions and completed two 40-min practice trials of the task. Both difficulty levels of the task (less difficult vs. more difficult) were presented in the practice session, the order in which the participants received the difficulty levels was counterbalanced.
In the remaining three days of the experiment, participants engaged in a total of six 40-min detection tasks with 5 min breaks after every ten min consisting of two temporal difficulty levels (less difficult, stimulus presented at 7 durations ranging from 200 ms to 680 ms with a delta of 80 ms) vs. more difficult (stimulus presented at 7 durations ranging from 200 ms to 320 ms with a delta of 20 ms) and three levels of instruction bias (lenient, conservative and neutral). Participants received the treatments over 3 days during a two week period. Each day they received one of the bias manipulations and both difficulty levels. The order in which the participants received the different treatments was counterbalanced using a Latin Square design.
The task required the participants to monitor the relative duration that the square of light flashed on the screen. Participants were instructed to respond to stimuli by rating the degree to which each stimulus was a non-signal (appearing for a short period) versus a signal (appearing for a long period) by pressing keys 1 through 7, with the response '7' indicating that the stimulus was definitely a signal.
For each condition the event rate was 21 event/min, and each of the 7 different stimuli were presented 120 times during each session, totaling 840 trials per condition. The order in which the stimuli were presented within a condition was randomized.
For the manipulation of response bias, three instructional sets were employed to induce lenient, unbiased, and conservative responding. During the task with the lenient instruction set participants were informed that they would receive (10) points for each correct identification, which meant that they correctly identify the duration of the flash of light. However, they were told that they would loose (-10) points for each missed signal, which meant that they underestimated the duration to which the flash of light appeared. Finally, they were informed that they would be penalized (-1) point for each false alarm, which meant they overestimated the duration to which the flash of light appeared.
During the neutral (unbiased) condition participants were informed that they would receive (1) point for each correct identification. However, they were told that they would be penalized (-1) point for each missed signal and that they would be penalized a (-1) point for each false alarm.
During the conservative condition participants were informed that they would receive (10) points for each correct identification. However, they were told that they would be penalized (-1) point for each missed signal and (-10) points for each false alarm.
RESULTS
Currently, efforts are underway to develop a statistical program that can test the significance of the fuzzy SDT ROC curves quantitatively (Wickens, 2002) . Due to the constraint of appropriate estimation procedures, the data analyzed using fuzzy and traditional signal detection methods will be compared qualitatively using FitRoc: Parameter Estimation for Gaussian Signal Detection Model (Wickens, 2002) , version 1 program which provides (1) a test of how well an ROC curve fits the Gaussian model (χ 2 ), (2) an estimate of perceptual sensitivity (A z ), and (3) the intercept and slope for the zscore form of the ROC are estimated by the program (z H = a + b z F) . Tables 1 and 2 report goodness of fit, intercept (e.i., 'a'), slope (e.i., 'b'), and perceptual sensitivity for the traditional SDT method for the easier and more difficult conditions. Similarly, Tables 3 and 4 report these statistics for the fuzzy SDT method of analyses. Formulas for calculating sensitivity and response bias were the same for both fuzzy SDT and traditional SDT analyses. The two models differ in how hit and false alarm rates are calculated. The formulas for calculating FSDT measures were obtained from , and the method for computing hit and false alarm rates followed procedures outlined by MacMillan and Creelman (1991) .
For traditional SDT, results indicated for most subjects (except subject 2) perceptual sensitivity, A(z), was higher in the difficult condition compared to the easy condition, refer to Tables 1  and 2 . Similarly, this was the case for fuzzy SDT, subjects (except subject 2) appeared to perform better in the difficult condition than the easy condition, refer to Tables 3 and 4 . Additionally, perceptual sensitivity was higher for all subjects for fuzzy SDT compared to traditional SDT for both difficulty levels.
As shown in Tables 1, 2 , 3, and 4, goodness of fit intercept and slope, revealed that for all subjects (except participant 4 in the easy traditional condition) and for all conditions, the data fit the assumption of normality; the noise and signal plus noise distributions were normally PROCEEDINGS of the HUMAN FACTORS AND ERGONOMICS SOCIETY 48th ANNUAL MEETING-2004 distributed. Interestingly, the Tables reveal that  the data fits the equal variance assumption, see  χ 2 , for all six subjects, but only for the difficult condition for both traditional and fuzzy SDT. 
DISCUSSION
The traditional and fuzzy methods clearly provide different estimates of SDT parameters. The inflation of performance with the fuzzy SDT model is in accordance with prior findings (Murphy, Szalma, Hancock, 2003) . It may be due to allowing a degree of correct detection rather than a miss, and similarly allowing only a degree of false alarm rather than a 'full false alarm' (c.f., Masalonis & Parasuraman, 2003) That is, partial hit rates in fuzzy SDT are categorized as whether full hits or full misses in the crisp analysis, and partial false alarms are categorized in the traditional SDT analyses as full false alarms or correct rejections. Thus, the traditional SDT analyses of this kind of data may underestimate the performance of observers.
The different results across observers for the difficulty manipulation using the crisp analysis was unexpected. In two cases performance on the 'easier' condition was worse than on the more 'difficult' condition. This may be due to differences in the range of durations discriminated, which was narrower in the 'easier' condition. Prior research has shown that the range of stimuli used can impact performance (Braida and Durlach, 1972) . However, this does not explain why such results were obtained with only two of the six observers. It is possible that it is merely an artifact of the procedure for the crisp analysis. The possibility for range effects will be explored in future experimentation.
A central question for fuzzy SDT is whether the assumptions of traditional SDT hold for this new model. The current study indicates that at both difficulty levels and for all participants (except the easy condition, participant 4), the assumption of normally distributed noise and signal plus noise distribution holds (see χ 2 tests in Tables 3 and 4 ). In addition, the equal variance assumption holds for the more difficult discrimination for all six participants. Future studies will examine the effects of the size of both the stimulus and response sets on signal detection using fuzzy SDT.
